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Postural controlOur previous research on traumatic brain injury (TBI) patients has shown a strong relationship between speciﬁc
white matter (WM) diffusion properties and motor deﬁcits. The potential impact of TBI-related changes in net-
work organization of the associated WM structural network on motor performance, however, remains largely
unknown. Here, we used diffusion tensor imaging (DTI) based ﬁber tractography to reconstruct the human
brain WM networks of 12 TBI and 17 control participants, followed by a graph theoretical analysis. A force plat-
form was used to measure changes in body posture under conditions of compromised proprioceptive and/or
visual feedback. Findings revealed that compared with controls, TBI patients showed higher betweenness cen-
trality and normalized path length, and lower values of local efﬁciency, implying altered network organization.
These results were not merely a consequence of differences in number of connections. In particular, TBI patients
displayed reduced structural connectivity in frontal, parieto-premotor, visual, subcortical, and temporal areas. In
addition, the decreased connectivity degree was signiﬁcantly associated with poorer balance performance. We
conclude that analyzing the structural brain networks with a graph theoretical approach provides new insights
into motor control deﬁcits following brain injury.
© 2012 The Authors. Published by Elsevier Inc. Open access under CC BY-NC-ND license.1. Introduction
Traumatic brain injury (TBI) is a common cause of disability in chil-
dren and adolescentsworldwide (Kraus andMcArthur, 1996), and has a
dramatic impact on the developing brain. Besides neurobehavioral and
cognitive deﬁcits, TBI results in motor disorders including instability
during postural control and gait, which can severely affect the child's
level of independence and can increase the risk of falls. Up to 70% of
children, who sustain a TBI, present some balance deﬁcits (Black et al.,
2000).Research Programmeof theRe-
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nc. Open access under CC BY-NC-ND lOur previous studies in TBI patients have relatedmotor functioning to
different structural and functional properties of the brain. Using fMRI, in-
creased recruitment of neural resources for attentional deployment and
somatosensory processing was found in children with TBI during motor
coordination tasks (Caeyenberghs et al., 2009). It was hypothesized
that these modiﬁed recruitment patterns might compensate for diffuse
axonal injuries (DAI) and disruptions ofwhitematter (WM) connections.
Another functional imaging study in adults with TBI (Leunissen et al.,
2012) revealed that the neural circuitry supporting motor switching
was altered after TBI and that this altered functional engagementwas re-
lated to behavioral performance across TBI patients and controls. Finally,
diffusion tensor imaging (DTI) studies of our group have shown reduced
fractional anisotropy values in thewhole brain and speciﬁc tracts and re-
gions. These studies demonstrated signiﬁcant correlations between DTI
metrics and ﬁne (manual dexterity) and gross (postural control) motor
performance, such that increased WM pathology predicts larger motor
deﬁcits in children with TBI (e.g., Caeyenberghs et al., 2010a,b, 2011).
Despite these advances in TBI research, however, little is known
about the abnormalities in topological organization of brain networks
in TBI and whether these are related to motor deﬁcits. Graph theoret-
ical analysis provides a powerful tool to characterize the topological
organization of complex networks, and has recently been applied toicense.
107K. Caeyenberghs et al. / NeuroImage: Clinical 1 (2012) 106–115the study of human brain networks in health and disease (Bullmore
and Sporns, 2009). With respect to TBI, only a few studies have dem-
onstrated small-world alterations and increased connectivity in func-
tional brain networks (Caeyenberghs et al., 2012; Castellanos et al.,
2011; Nakamura et al., 2009). To our knowledge, no studies have
reported TBI-related changes in the topological properties of WM
structural networks. Here, we present the ﬁrst study using DTI
tractography combined with such a graph theoretical approach to
investigate the network organization of the WM networks in young
patients with TBI and healthy controls.
The present study was based on two main hypotheses:
(i) Relying on our previous study on network functionality in TBI
adults (Caeyenberghs et al., 2012), we expected a decrease in
structural connectivity in the WM networks. We suggest that
higher functional connectivity (i.e., a higher synchronization
between activity levels across neural network nodes) may be
directly related to a poorer neurobiological substrate, i.e., structur-
al disconnection between areas. As described above, TBI is associ-
ated with WM abnormalities that might disrupt neuronal
connections. This hypothesis included the consideration that
brain injury will not only alter existing structural connections
but will also result in a decrease of number of edges between
brain areas. This will manifest in measurable changes in mean
graph-theoretical network measures when assessing overall net-
work connectivity. Therefore, we sought to determine here
whether TBI patients would show abnormal small-world organi-
zation, reduced network efﬁciency and altered nodal efﬁciency
in WM networks.
(ii) Furthermore, we expected a relation between the degree of net-
work connectivity and motor performance in patients with TBI,
whereby decreased connectivity degree would be associated
with poorer balance. We focused on postural control because
this task is a prototype of complex sensorimotor integration,
requiring exchange of information among several brain areas.
2. Materials and methods
2.1. Participants
Twenty-nine children and adolescents participated in the study,
including 12 subjects with TBI (mean age 14.8 years, SE 1 year
1 month, range 8–20 years of age, seven boys and ﬁve girls) and 17
controls (mean age 12.4 years, SE 6 months, range 9–16 years of
age; nine boys and eight girls). The TBI patients were classiﬁed as
‘moderate-to-severe’ based on several factors: the Glasgow Coma
Scale score after resuscitation (a subgroup of ﬁve children had a
GCS of 8 or below), the anatomical features of the injury based on
inspection by an expert neuroradiologist (see below), and the injury
mechanism (trafﬁc accidents and falls), or combinations thereof.
The demographic and clinical characteristics of the TBI group are
shown in Table 1. The TBI patients were recruited from different reha-
bilitation centers in Belgium. All were assessed at least six months
post-injury, when neurological recovery was stabilized. The interval
between injury and scanning (age of injury) was on average
3 years, 6 months (SE 9 months). Their age at injury was on average
10 years, 6 months (SE 3 years, 2 months). Participants were exclud-
ed if they had pre-existing developmental or intellectual disabilities, a
progressive disease, or were taking medication. All control subjects
were screened to ensure that they had no history of neurological
damage.
2.2. Posturography
The equipment, paradigm parameters, and dependent variables
were identical to our previous DTI study in typically developingchildren and children with brain injury (Caeyenberghs et al., 2010a).
Speciﬁcally, the Sensory Organization Test (SOT) of the EquiTest System
(Neurocom International Inc.) was used in this study. The equilibrium
score indicating postural stability compared the subject's sway to the
theoretical limits of stability. The subject's sway was calculated from
the maximum anterior and posterior center of gravity (COG) displace-
ments occurring over the 20-s trial period. The theoretical maximum
displacement without losing balance was assumed to be a range of
12.5° (6.25 anterior, 6.25 posterior). The results were expressed as per-
centages, 0 indicating sway exceeding the limit of stability and 100
indicating perfect stability.
The equilibrium score was examined with 4 different sensory con-
ditions (see Fig. 1). In condition A, when the participant stood on a
ﬁxed platform with the eyes open, all three sensory systems (vision,
vestibular, and somatosensory) were operational and a baseline mea-
sure of stability was obtained. Condition B was the same as condition
A but with eyes closed. In condition C, the participant stood with the
eyes open and the platform moved in response to his/her sway such
that the ankle joints did not bend in response to the sway, which
reduced proprioceptive input to the brain. Condition D was identical
to condition C except that the eyes were now closed, such that only
the vestibular system provided reliable sensory information. The
test protocol consisted of three repetitions of each condition,
resulting in 12 trials. A composite equilibrium score, describing a
person's overall level of performance during all the SOT trials was
also calculated, with higher scores being indicative of better balance
performance.
2.3. MRI data acquisition
MR examination took place without sedation on a 3 T scanner
(Intera, Philips, Best, The Netherlands) with an eight channel phased-
array head coil. A DTI SE-EPI (diffusion weighted single shot spin-echo
echoplanar imaging) was acquired with data acquisition matrix=
112×112; ﬁeld of view (FOV)=220×220 mm2; TR=7916 ms, TE=
68 ms, parallel imaging factor 2.5, and 68 contiguous sagittal slices
(slice thickness=2.2 mm; voxel size=2×2×2.2 mm3) covering the
entire brain and the brainstem (Jones and Leemans, 2011). Diffusion
gradients were applied along 45 non-collinear directions with a
b-value of 800 s/mm2. Additionally, one set of images with no diffusion
weighting (b=0 s/mm2) was acquired.
A T1-weighted coronal 3D-TFE (182 contiguous coronal slices cov-
ering the whole brain and brainstem; FOV=250 mm; TE=4.6 ms;
TR=9.7 ms; slice thickness=1.2 mm; matrix size=256×256;
voxel size=0.98×0.98×1.2 mm3) was consequently acquired for
anatomical detail (Table 1). These structural MRI scans were investi-
gated by an expert neuro-radiologist to indicate location and type of
pathology (e.g., gliosis, shearing, haemorrhage) (see Table 1).
2.4. DTI preprocessing
The DTI data were analyzed and processed in ExploreDTI
(Leemans et al., 2009), as described previously (Caeyenberghs et al.,
2010a,b, 2011): (a) subject motion and eddy-current induced geo-
metrical distortions were corrected (Leemans and Jones, 2009), and
(b) the diffusion tensors were calculated using a non-linear
regression procedure (Basser and Pierpaoli, 1996).
2.5. White matter tractography
For each individual dataset, WM tracts of the brain network were
reconstructed using a deterministic streamline ﬁber tractography
approach (Basser et al., 2000). Fiber pathways were reconstructed
by deﬁning seed points distributed uniformly throughout the data
at 2 mm isotropic resolution and by following the main diffusion
direction (as deﬁned by the principal eigenvector) until the ﬁber
Table 1
Summary of demographic and injury characteristics for the TBI group.
TBI patient #
Age/gender/
handedness
GCS Acute scan within 24 h after injury
Lesion location/pathology
MRI scan at examination
Lesion location/pathology
TBI 1
15,7/F/RH
8 (R) FL subdural hematoma (R) FL, splenium corpus callosum shearing injuries
TBI 2
9,9/F/RH
5 (R) TL/PL subdural hematoma and (R)
cerebellar contusion
(R) TL/PL subdural hematoma and (R) cerebellar contusion
TBI 3
13,1/M/LH
Lesion and location not speciﬁed in
available records
Hemosiderin deposits (R) thalamus and (R) posterior limb of the internal capsule, shearing injuries corpus
callosum
TBI 4
16,6/M/RH
7 Enlarged (R) lateral ventricle,
(R ) hematoma occipital horn lateral
ventricle, hyperdensity (L)
thalamus, (LH) shearing injuries
Enlarged (R) lateral ventricle, (RH) atrophy, hemosiderin deposits (splenium corpus callosum, (R) corona
radiata), asymmetry cerebral peduncles, (L) contusion pons
TBI 5
14,1/F/RH
3 (R) FL/PL/OL contusion; contusion basal
ganglia (thalamus, (R)
nucleus caudatus)
Atrophy (R) FL/TL, nucleus caudatus, lentiformis, thalamus, internal capsule, atrophy (R) amygdala,
hippocampus, cerebellum; asymmetry lemniscus, cerebral peduncles, pons; shearing injuries corpus
callosum
TBI 6
16,8/M/RH
8 (L) TL contusion, (L) FL punctiform contu-
sion, (R) contusion mesen
cephalon, (L) FL hemorrhagic injuries and
(L) thalamus
Enlarged ventricles, (L) FL hemosiderin deposits
TBI 7
19,1/M/RH
Lesion and location not speciﬁed in
available records
Shearing injury splenium corpus callosum
TBI 8
20,4/M/RH
(R ) FL hematoma, enlarged ventricles Atrophy RH, (R) contusion superior frontal gyrus, atrophy (R) nucleus caudatus, (R) nucleus lentiformis,
injured corpus callosum
TBI 9
17,2/M/RH
Contusions (L) FL, TL, (R) PL, subdural
hematoma
Contusion (L) PL inferior, (L) LH hemosiderin deposits, (R) TL contusion,
atrophy (L) lateral TL, atrophy (L) FL
TBI 10
11,5/F/RH
(R) FL subdural hematoma, hemorrhagic
injuries thalamus, fornix, corpus callosum
(R) FL subdural hematoma
TBI 11
18,7/F/RH
Enlarged ventricles, atrophy PL, FL, RH WM,
atrophy (L) hippocampus, shearing injuries
Enlarged ventricles, atrophy LH, (L) PL inferior contusion, injuries superior frontal sulcus, contusion RH,
orbitofronal contusion, (R) nucleus lentiformis contusion, asymmetry cerebral peduncles, atrophy (R)
cerebellum
TBI 12
8,9/M/RH
Hemorrhagic injuries RH/LH, FL/TL
contusion, (L) FL subdural hematoma
(L) FL contusion and subdural hematoma, (R) TL contusion and subdural hematoma
Anatomy codes: WM=white matter; GM= gray matter; RH= right hemisphere; LH = left hemisphere; FL = frontal lobe; TL = temporal lobe; PL = parietal lobe; OL = occipital
lobe; R= right; L= left. Other codes: TBI= traumatic brain injury; GCS, GlasgowComa Scale score;MRI=magnetic resonance imaging; RH=right-handed; LH= left-handed;M=male;
F = female.
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(angle>45°) considered to be not anatomically plausible. The step
size was set at 1 mm.
2.6. Network construction
The whole-brain ﬁber tract reconstructions of the previous step
were parcellated using the automated anatomical labeling atlas (AAL,
Tzourio-Mazoyer et al., 2002). This procedure of deﬁning the nodes
has beenpreviously described in Bassett et al. (2011a). Using this proce-
dure, we obtained 116 cortical, subcortical and cerebellar regions (58
for each hemisphere), each ROI of the AAL template representing a
node of the network (see Figs. 2 and 3), and the edges between two
nodes v and u reﬂecting a reconstructed WM tract.
Inter-regional connectivity was then examined by determining
the connection density (number of ﬁber connections per unit surface)
between any two masks (i.e. any two regions of the AAL template)
(Hagmann et al., 2008). This value became the edge weight w(e) in
an N×N connectivity matrix and was calculated as follows:
w eð Þ ¼ 2
Sv þ Su
∑
f∈Fe
1
l fð Þ
where Sv and Su denote the cortical surfaces of AAL regions v and u,
respectively. Fe denotes the set of all ﬁbers connecting regions v and
u and hence contributing to the edge e, and l(f) denotes the length
of ﬁber f along its trajectory. This correction term l(f) in the denomi-
nator was needed to eliminate the bias towards longer ﬁbers intro-
duced by the tractography algorithm. Moreover, the sum Sv+Su
corrects for the variable size of the cortical ROIs of the AAL template
(Hagmann et al., 2008).In themain analysis, aweighted graph approachwas used. To test the
role of the weighting on possible organizational differences between the
brain networks of patients and healthy controls, an additional test was
performed in which the weighting was omitted from the analysis. For
each individual dataset, all nonzero weights (i.e., all connections) were
set to 1 and to 0 otherwise (van den Heuvel et al., 2010). The end result
of this procedure was an unweighted binary network. As a result, for
each participant, there were 2 different kinds of WM networks
(density-weighted and binary), each of which was represented by a
symmetric 116×116 matrix.
2.7. Graph theory analysis
We investigated the properties of the structural network at the
global and regional (nodal) levels using the Brain Connectivity Tool-
box (Rubinov and Sporns, 2010, https://sites.google.com/a/brain-
connectivity-toolbox.net/bct/), quantifying the global network
architecture in terms of small-worldness, normalized clustering
coefﬁcient, normalized path length, and global efﬁciency. We
described the regional properties in terms of strength, local efﬁcien-
cy, and betweenness centrality. Based on the constructed structural
network, we looked for signiﬁcant differences in global and nodal
properties between the TBI children and controls. In the Supplemen-
tal material, we only provide brief, formal deﬁnitions of each of the
network properties used in this study. For more details and in-
depth discussion of these metrics, the interested reader is referred
to Rubinov and Sporns (2010).
2.8. Density of structural networks
It has been shown that manipulating the connection density (the
number of edges) in a network by varying the number of valid
Fig. 1. Schematic representation of the 4 conditions of the Sensory Organization Test and
an example data set of a TBI subject's center of pressure (COP) displacement (cm) in
anterior–posterior (AP) (y-axis) and medio-lateral (ML) (x-axis) direction across a 20-s
trial. In the top right corner of the graphs the status of the sensory systems (visual,
proprioceptive, or vestibular) is indicated. Adapted with the permission of Neurocom
International, Inc., Clackamas, OR, USA.
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theoretical metrics (VanWijk et al., 2010). For example, local efﬁcien-
cy has a propensity for being higher with greater numbers of edges in
the graph. Hence, we will report differences in graph-theoretical
measures, while the wiring cost of a network is taken into account,
to ensure that the statistical results with regards to between-groupdifferences in small-world topology and structural connectivity are
not simply due to differences in number of connections.
Moreover, in order to be able to compare topological features/
aspects of network architecture within a network, it is deemed
essential to keep the connection density of the compared networks con-
stant (Van Wijk et al., 2010). However, the underlying hypothesis of
this study postulates that TBI is associated with alterations in network
organization in the brain, i.e., a lower structural connectivity across
the brain areas in the networks will be expressed in a lower number
of connections in the TBI group. In order to capture and quantify this
aspect of brain injury, we did not enforce the same connection density
in our networks for both groups. Consistent with this compromise, we
will report changes in the mean graph-theoretical metrics across each
entire network but we will not assess speciﬁc aspects of network
architecture.
2.9. Statistical analysis
The equilibrium scores were subjected to analysis of variance for
repeatedmeasurementswith between-subjects factor ‘group’ (2 levels:
TBI and control) and the within-subjects factors ‘proprioceptive
feedback’ (2 levels: normal or sway-referenced) and ‘visual feed-
back’ (2 levels: normal or abscent). For the composite equilibrium
score, two-sample t-tests were conducted for comparing the TBI
with the control group.
The number of edges (density) was analyzed using an analysis of
covariance (with the effect of age removed) for comparing the TBI
with the control group. Statistical comparisons of all networkmeasures
(i.e., small worldness, normalized path length, normalized clustering
coefﬁcient, strength, local efﬁciency, and betweenness centrality)
between the two groups were performed by means of analyses of
covariance (with the effect of density and age removed).
Furthermore, we investigated the regions which showed signiﬁ-
cant differences in local efﬁciency. Bonferroni corrections for multiple
comparisons were made, hence pb0.008 was considered signiﬁcant
following correction for the between-group comparisons regarding
the 6 network metrics and pb0.00043 for the node-speciﬁc analyses
regarding the 116 ROIs.
To determinewhether the network organization in TBIwas correlat-
ed with performance on the postural tasks, we calculated partial
Pearson's correlation coefﬁcients (with the effect of age removed)
of network parameters against the behavioral parameters (4 equilib-
rium scores and composite equilibrium score). Finally, we conducted
region-speciﬁc partial correlation analyses between the network
metrics and behavioral performance. As described in our previous
study (Caeyenberghs et al., 2012), only correlations below a statistical
signiﬁcance level of pb0.01 were considered signiﬁcant. Because of the
lack of hemispheric differences (as determined by a p-value>0.05),
the right and left hemisphere were combined in these analyses.
Important to note, no signiﬁcant effect of gender was found in our
analyses (all p-values>0.05). Therefore, all the statistical analyses
were conducted without this variable as a potential confounding fac-
tor. All statistical analyses were performed with the Statistica soft-
ware (StatSoft, Inc).
3. Results
3.1. Group differences in postural control
Repeated measures analysis of variance showed a signiﬁcant main
effect of group [F(1,22)=7.21, pb0.01], proprioceptive feedback
[F(1,22)=148.89, pb0.001], and visual feedback [F(1,22)=261.10,
pb0.001], i.e. balance performance was worse (lower equilibrium
score) in the TBI versus the control group, when proprioceptive feed-
back was sway-referenced versus normal and when vision was
absent versus normal (as shown in Fig. 4). Furthermore, there was a
Fig. 2. Flow chart of constructing a DTI-based network. First, for each DTI dataset (A) whole brain deterministic tractography (B) was performed using ExploreDTI (see Materials and
methods). The voxel-based reconstruction was then parcellated using the AAL template consisting of 118 unique brain regions (C-D). Fig. 1D shows the AAL labels overlayed on the
T1 single subject template provided by MRIcroN. Fig. 1E shows an example of cortical connections and their corresponding WM ﬁbers, linking the right anterior cingulum with the
right posterior cingulum. We next determined the number of connections per unit surface between any two masks (any two regions of the AAL template), this value became the
edge weight in an 116×116 connectivity matrix (F). Alternatively, an unweighted network analysis was performed, whereby we considered the existence/absence of connections,
creating a binary matrix, in which the network edges were deﬁned as 1 if there was at least one connection between both regions and as 0 otherwise. Next, from the resulting brain
network (G) overall organizational characteristics and node-speciﬁc organizational characteristics were computed and compared between patients and healthy controls.
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visual feedback, F(1,22)=7.21, pb0.01. Post hoc (Tukey) testing
revealed that all participants showed more sway when propriocep-
tive feedback was compromised, and that sway additionally increased
when vision was absent (all p'sb0.001). Omission of vision alone did
not have a signiﬁcant effect on balance. Finally, the interaction
between proprioceptive feedback and group was also signiﬁcant,
F(1,22)=6.62, pb0.05. Post hoc (Tukey) testing showed that the TBI
group performed signiﬁcantly worse than the controls on the sway-
referenced conditions (all p'sb0.001). Moreover, post hoc Tukey tests
revealed signiﬁcant differences between normal and sway-referenced
feedback within each group (all p'sb0.001).
The mean composite SOT balance score (average across all four
conditions) from the Equitest systemalso differed signiﬁcantly between
the TBI patients (mean=67.1%; range 46.3–84.0%) and the controls
(mean=77.0%; range 66.6–82.7%), t(22)=−2.69, pb0.01, with the
lower scores in the TBI subjects indicating poorer balance (larger
anterior/posterior body sway) than in the controls.
3.2. Density of structural brain networks
A signiﬁcant effect for group was seen on density, representing the
total “wiring cost” of the network [F(1,26)=46.43, pb0.001]. In otherwords, the average number of edges was signiﬁcantly lower in TBI
patients (mean=4857, SD=2193) compared with controls (mean=
9702, SD=1254). Therefore, our main analyses regarding between-
group differences in small-world topology and structural connectivity
were conducted by including density as covariate in each analysis.
3.3. Small-world properties and organization of structural brain
networks
3.3.1. Small world topology
The small-world attributes reﬂect the need of the structural net-
work to satisfy the opposing demands of local and global processing
(Kaiser and Hilgetag, 2006). In other words, an optimal brain requires
a suitable balance between local specialization, supported by higher
absolute clustering coefﬁcients, and global integration, supported by
shorter absolute path lengths. This balance of global and local connec-
tivity was abnormally shifted toward the global end of the scale in TBI
patients. This could be quantiﬁed by a change in the small-worldness
parameter σ. Although networks in both groups were small-world
(σ>1), indicating that they had generally greater-than-random clus-
tering (γ>>1) (TBI group: mean=5.94, SD=1.71; control group:
mean=3.88, SD=0.32), but near-random path length (λ≈1) (TBI
group: mean=1.01, SD=0.06; control group: mean=1.04, SD=
Fig. 3. Cortical and subcortical regions (58 in each hemisphere; 118 in total) as anatomically deﬁned by a prior template image in standard stereotaxic space.
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pb0.05] because of the increase in normalized path length
[F(1,25)=8.66, pcorrb0.008] in the TBI group.
3.3.2. TBI-related alterations in structural connectivity
Using ANOVA's with age and density as covariate, we observed that
the TBI group showed decreased values of local efﬁciency [F(1,25)=
10.46, pcorrb0.008] in their WM networks as compared to the controls.
We further compared the nodal efﬁciency of (sub)cortical regions in
WM networks between the two groups. We found that TBI networks
showed decreased local efﬁciency (all pcorrb0.00043) predominantly
located in the occipital regions (including the calcarine ﬁssure, left
cuneus, lingual gyrus, superior, middle and inferior occipital gyrus),
and subcortical regions (including the left olfactory cortex, left caudate
nucleus, left putamen, left thalamus, cerebellum Crus I, and right cere-
bellum Crus II). Additionally, we also found decreased local efﬁciency
(all pcorrb0.00043) in frontal regions (the left superior frontal gyrus,
orbital part of the left middle frontal gyrus, triangular part of the left
inferior frontal gyrus, medial (orbital) part of the superior frontal gyrus,
left gyrus rectus, right anterior cingulate gyrus), parietal-(pre)motor
regions (i.e., right precentral gyrus, postcentral gyrus, superior parietalgyrus, right supramarginal gyrus, right angular gyrus, left precuneus),
and fourmedial temporal lobe regions (left parahippocampal gyrus, tem-
poral pole of the superior andmiddle temporal gyrus, left middle tempo-
ral gyrus). Node speciﬁc values of local efﬁciency of both groups are
presented in Fig. 5.
WM networks of TBI patients showed an increased betweenness
centrality compared with controls [F(1,25)=7.76, pcorrb0.008].
Furthermore, structural network analysis estimated for TBI and controls
revealed that both groups exhibited hubs. In particular, 5 hub regions
were shared by both groups, i.e., the bilateral precuneus, right superior
frontal gyrus, left middle occipital gyrus, and left thalamus. Of note,
three brain regions, the left superior frontal gyrus, right superior parie-
tal gyrus, and right postcentral gyrus,were identiﬁed as hubs in the con-
trol group but not in the TBI group. Three other brain regions, the left
precentral gyrus, right supplementary motor area, and left putamen,
were identiﬁed as hubs in the TBI group but not in the control group.
3.4. Network properties correlation with postural control
We next examined the relationships between the network metrics
and postural control. We considered only connectivity degree as a
Fig. 4. Behavioral task performance. The TBI group performed signiﬁcantly worse than
the controls on the sway referenced conditions and on the composite balance score.
TBI, black bars; control, white bars; **pb0.01, ***pb0.001 for the TBI group compared
to controls; TBI, traumatic brain injury.
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be the most important measure of network analysis which is also
assigned a straightforward neurobiological interpretation (Rubinov
and Sporns, 2010): nodes with a high connectivity degree are struc-
turally interacting with many other nodes in the network. Moreover,
network degree is most commonly used as a measure of density, or
the total “wiring cost” of the network (Rubinov and Sporns, 2010).
To determine the relationships, partial correlation analysis with age
as confounding covariate were separately performed for the TBI and
control groups. In the control group, none of the balance measures
showed signiﬁcant correlations with the networkmetrics. The follow-
ing descriptions focus on the results in the TBI group. Fig. 6 shows theFig. 5. Group differences in local efﬁciency. Upper panel: controls, lower panel: TBI patients
to: yellow, signiﬁcant after correction for multiple comparisons, pb0.0043; blue, not signiﬁsigniﬁcant correlations between balance scores and connectivity
degree across the whole network on the one hand and regional con-
nectivity degree on the other hand.
A signiﬁcant positive correlation was found between mean con-
nectivity degree of the network in the TBI group and mean composite
SOT score (r=0.65, pb0.05). In other words, increase in connectivity
degree was associated with better balance performance (i.e., lower
anterior/posterior body sway). Signiﬁcant correlations between con-
nectivity degree across the whole network and equilibrium scores
for the separate conditions were only found for the condition where
proprioceptive feedback and visual feedback were compromised
(condition D), i.e., higher connectivity degree was associated with
better performance on the postural task (r=0.62, pb0.05).
A more stringent threshold criterion (pcorrb0.01) was used to fur-
ther determine the associations between speciﬁc nodes on one hand
and the composite score and equilibrium score of condition D on the
other hand. Signiﬁcant correlations were obtained between the com-
posite score and connectivity degree of the superior parietal gyrus
(r=0.73, pcorrb0.01). Also, we found that the equilibrium score of con-
dition D (eyes closed, sway-referenced platform) was signiﬁcantly pos-
itively correlatedwith connectivity degree of the superior parietal gyrus
(r=0.78, pcorrb0.01) and cerebellar lobule IX (r=0.71, pcorrb0.01).
4. Discussion
We compared the WM networks between young TBI patients
and healthy controls using DTI tractography and graph theoretical
approaches. Both groups exhibited small-world properties in their
WM networks. However, efﬁciency was signiﬁcantly decreased in the
TBI patients compared with controls, with pronounced changes in the
frontal, occipital, parieto-premotor, subcortical, and medial-temporal
areas. Moreover, connectivity degree was signiﬁcantly correlated with
the balance scores. Our data show disrupted network organization of
WM networks in TBI patients, which may contribute to their persistent
motor disabilities.. Size of the ROIs (spheres) represents the local efﬁciency. The colors of the nodes refer
cant.
Fig. 6. Plots indicating the relationships between the balance scores (mean composite score and equilibrium score of condition 4) and connectivity degree across the whole network
(upper panel) and regional connectivity degree (lower panel).
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Our results suggest that the integration of sensory inputs is dis-
turbed following TBI. In other words, TBI patients showed deﬁcits in
selecting the accurate and suppressing the compromised sensory
inputs. Lower scores on the SOT have been well documented in TBI
patients, especially in conditions where visual and vestibular inputs
must be relied upon to produce stability, even in the absence of any
clinically detectable neurological problem (Geurts et al., 1996;
Guskiewicz et al., 1997). These results are consistent with previous
studies using clinical tests of postural control in TBI. For example,
abnormally increased sway and reduced time scores during the Clin-
ical Test for Sensory Interaction in Balance have been reported previ-
ously (Ingersoll and Armstrong, 1992; Lehmann et al., 1990; Rubin et
al., 1995).
4.2. Group differences in structural WM networks
We identiﬁed that both TBI patients and controls displayed prom-
inent small-world properties in the WM networks. This ﬁnding is
consistent with previous structural network studies of the human
brain using diffusion tractography in normal adults (Gong et al.,
2009; Hagmann et al., 2007, 2008; Iturria-Medina et al., 2008) and
in patient populations (Lo et al., 2010; Shu et al., 2009, 2011; van
den Heuvel et al., 2010; Wen et al., 2011). We found that, although
WM networks of young TBI patients showed prominent small-world
properties, several network parameters were found to be signiﬁcantly
altered, such as the normalized path length, local efﬁciency, and
betweenness centrality. Important to note, these differences in net-
work topology were not only due to differences in number of
connections.
Compared with the small-world properties of matched random net-
works, an increased normalized path length (along with a marginal
increase in small-worldness) was observed in the TBI group. Given
that the small-world topology is an optimal balance between local spe-
cialization and global integration as networks evolved over time to cope
with high complexity of dynamic behavior (Bullmore and Sporns,
2009), our ﬁndings of increased normalized path length and small-
worldness in TBI networks indicate a shift away from an optimal
‘small world’ network organization towards an imbalanced structural
architecture with a more random conﬁguration in WM networks.
Furthermore, lower efﬁciency was found in ﬁve distinct systems:
frontal, occipital, parieto-premotor, subcortical, and medial-temporalsystems. Hence, our data support the notion of TBI as a ‘disconnection
syndrome’ from a network perspective. The observed increased
betweenness centrality in the TBI group may indicate a possible com-
pensatory mechanism for decreased structural connectivity.
4.3. Importance of speciﬁc brain regions for network functionality
Structural network analyses conducted in TBI and controls
revealed that both groups exhibit hubs. In particular, ﬁve hub regions
were shared by both groups, the bilateral precuneus, right superior
frontal gyrus, left middle occipital gyrus, and left thalamus. It is
worth noting that the precuneus was identiﬁed as the most important
region in WM networks of TBIs and controls. The precuneus is part of
the posterior parietal cortex which belongs to a widespread network
of higher association structures (Cavanna and Trimble, 2006), indicat-
ing its central role across a broad spectrum of highly integrative tasks.
The precuneus has also been ranked as the most pivotal region in pre-
vious diffusion-MRI tractography network analyses in healthy adults
(Hagmann et al., 2007; Gong et al., 2009; Shu et al., 2009), and an
equivalent region to the precuneus (Brodmann area 7) was also iden-
tiﬁed as a hub in the macaque cortical network (Sporns et al., 2007).
One brain region, the left putamen,was identiﬁed as a hub in the TBI
group but not in the control group. The putamen, togetherwith the cau-
date nucleus, makes up the striatum, amajor site of cortical and subcor-
tical input into the basal ganglia as part of a cortico-striatal loop
(Alexander et al., 1990). Its role has been implicated in a number of
important motor functions (Coghill et al., 1994; Jones et al., 1991), in
particular in the initiation of motor responses (Coxon et al., 2010;
Toxopeus et al., 2007). Moreover, two other sensorimotor regions,
which are implicated in planning ofmotor actions and bimanual control
(including the left precentral gyrus and right supplementary motor
area) were also identiﬁed as hubs in the TBI group. Although, to the
best of our knowledge, no study has so far investigated structural or
functional changes in these three regions in TBI patients, we hypothe-
size that the increased betweenness centrality of these regions in the
structural network may be linked to compensatory reorganization
aiming to alleviate the reduced capacity for movement initiation in
TBI patients.
4.4. Behavioral relevance of network alterations in TBI
Previously unreported, we have now shown associations between
motor disabilities and structural brain organization in TBI patients
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alterations in network properties were associated with balance deﬁcits.
We found that young TBI patients with decreased structural connec-
tivity degree in WM networks displayed lower balance performance
(i.e. higher anterior/posterior body sway).
Node-speciﬁc correlation analyses performed within the TBI
group revealed signiﬁcant correlations between the composite equi-
librium score and the equilibrium score of condition 4 on one hand
and connectivity degree of a subset of brain regions on the other
hand, including cortical regions located in the superior parietal lob-
ule, as well as subcortical structures such as the cerebellar lobule IX.
First, the correlation analyses provided evidence that deﬁcits in pos-
tural control are related to lower connectivity degree in the superior
parietal lobule. The superior parietal lobule is a major component
of a distributed spatial attention network (Pollmann et al., 2003;
Vandenberghe et al., 2001; Yantis et al., 2002). More speciﬁcally,
Molenberghs et al. (2007) have suggested that the function of the
superior parietal lobule is closely related to the modiﬁcation of spa-
tial coordinates linked to attentional priorities (spatial shifting). This
is consistent with the notion that the postural control task in our
study required seeking and selectively attending to signiﬁcant
extrapersonal stimuli in a dynamic environment, which in turn
requires updating the attentional priority map.
Secondly, the equilibrium score of condition D (eyes closed, sway-
referenced platform) was also signiﬁcantly correlated to connectivity
degree in subcortical structures, such as lobule IX of the cerebellum.
Lobule IX has been implicated in various functional tasks including sen-
sation (Hui et al., 2005), motor synchronization (Jantzen et al., 2004),
working memory (Desmond et al., 1997), and perception of change in
stimulus timing (Liu et al., 2008). Interestingly, this result is in agree-
ment with our previous DTI study (Caeyenberghs et al., 2010a), show-
ing associations between the SOT balance scores and fractional
anisotropy in the cerebellar peduncles and cerebellum. Speciﬁcally, per-
formance on condition D was positively related to mean fractional
anisotropy in the superior cerebellar peduncle, with better balance
being associated with higher WM anisotropy. These results suggest
that evaluation of key motor control brain areas such as the cerebellum
using DTI tractography combined with a graph theoretical approach
could be helpful in developing imaging biomarkers for diagnostics/
prognosis in patients with balance deﬁcits following TBI.
All these node-speciﬁc results are consistent with the notion that pos-
tural control is an extremely complex function that requires the intensive
cooperation of cortical and subcortical structures to support intersensory
integration for action. Important to note, connectivity degreewas not sig-
niﬁcantly correlated with the other balance conditions. We assume that
balance conditionshave to be sufﬁciently challenging (i.e., under deprived
sensory conditions) for signiﬁcant network organization-balance rela-
tions to emerge.
4.5. Study limitations and considerations for interpreting the current
ﬁndings
Limitations of the current study pertain to the relatively small
sample size and the cross sectional design. Despite the clear ﬁndings,
their replication in a larger sample is mandatory. In addition, it has
been shown recently that there are many brain regions with complex
ﬁber architecture, also referred to as “crossing ﬁbers” (Jeurissen et al.,
2011; Tournier et al., 2011). In these regions, where the diffusion ten-
sor model has been shown to be inadequate (Frank, 2002; Tuch et al.,
2002), partial volume effects exist (Alexander et al., 2001; Vos et al.,
2011) that can adversely affect the estimation of diffusivity metrics
(Wheeler-Kingshott and Cercignani, 2009; Vos et al., 2012). In this
context, tractography approaches based on more advanced diffusion
models (e.g., Behrens et al., 2007; Descoteaux et al., 2009; Jeurissen
et al., 2011) may provide more accurate anatomical connectivity pat-
terns of brain networks.Our main analyses showed consistent changes in structural connec-
tivity between controls and patients that manifested across multiple
graph-theoretical metrics, showing that this decrease in mean structur-
al connectivity could be captured across multiple (albeit inter-related)
sub-domains of structural connectivity. However, it has to be empha-
sized that in the present exploratory analysis the number of network
connections was different between the two groups indicating the effect
of brain injury in their networks. A disadvantage of having a different
number of connections (i.e., not limiting the network connections to a
constant number in both groups) in our networks is that we cannot
make inferences about speciﬁc topological aspects of the networks
(see van Wijk et al., 2010). Hence, the present ﬁndings do not prove
that the reduced structural connectivity in TBI patients is due to signif-
icant changes in network topology but might have been carried sub-
stantially by a decrease in number of network connections. Including
density as a covariate is not sufﬁcient to control for differences in num-
ber of edges, because most graphmeasures are non-linearly dependent
on density.
Furthermore, for computational reasons normal theory based test
statistics were conducted instead of permutation testing (Ginestet
and Simmons, 2011; van Wijk et al., 2010). Correction for multiple
comparisons on one hand and correction for density on the other
hand were used, but future studies are needed to determine the opti-
mal methodology to control for multiple testing in a network setting
and differences in network costs respectively. Alternative correction
methods (Zalesky et al., 2010) and formal methods to the comparison
of several families of networks (Bassett et al., 2011b; Ginestet et al.,
2011) have been suggested. Finally, longitudinal studies are needed
to determine how changes in topological structure of WM networks
are related to recovery and objective measures of postural control.
4.6. Conclusions
Taking into account these limitations, the present study is the ﬁrst
report illustrating associations between network metrics and postural
control scores in a young TBI group. Although small-world properties
were present for both patient and control networks, the architecture
of the structural networks was signiﬁcantly altered in TBI patients. Spe-
ciﬁcally, TBI patients showed decreased connectivity degree, strength,
and lower values of local efﬁciency. Furthermore, thedecreased connec-
tivity degree was signiﬁcantly associated with postural control perfor-
mance. These brain-behavior relations pave the way for topology-
based brain network analyses that may ultimately serve as biomarkers
to improve TBI diagnostics/prognosis and for follow-up of balance
deﬁcits.
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